Obesity is a major public health problem with strong genetic determination. Multiple genetic variants have been implicated for obesity by conducting genome-wide association (GWA) studies, primarily focused on body mass index (BMI). Fat body mass (FBM) is phenotypically more homogeneous than BMI and is more appropriate for obesity research; however, relatively few studies have been conducted on FBM. Aiming to identify variants associated with obesity, we carried out meta-analyses of seven GWA studies for BMI-related traits including FBM, and followed these analyses by de novo replication. The discovery cohorts consisted of 21 969 individuals from diverse ethnic populations and a total of over 4 million genotyped or imputed SNPs. The de novo replication cohorts consisted of 6663 subjects from two independent samples. To complement individual SNP-based association analyses, we also carried out gene-based GWA analyses in which all variations within a gene were considered jointly. Individual SNP-based association analyses identified a novel locus 1q21 [rs2230061, CTSS (Cathepsin S)] that was associated with FBM after the adjustment of lean body mass (LBM) (P 5 3.57 3 10 28 ) at the genome-wide significance level. Gene-based association analyses identified a novel gene NLK (nemolike kinase) in 17q11 that was significantly associated with FBM adjusted by LBM. In addition, we confirmed three previously reported obesity susceptibility loci: 16q12 [rs62033400, P 5 1.97 3 10 214 , FTO (fat mass and obesity associated)], 18q22 [rs6567160, P 5 8.09 3 10 219 , MC4R (melanocortin 4 receptor)] and 2p25 [rs939583, P 5 1.07 3 10 27 , TMEM18 (transmembrane protein 18)]. We also found that rs6567160 may exert pleiotropic effects to both FBM and LBM. Our results provide additional insights into the molecular genetic basis of obesity and may provide future targets for effective prevention and therapeutic intervention.
INTRODUCTION
Obesity is a serious public health problem associated with an increased risk of type 2 diabetes, hypertension, cardiovascular disease and certain forms of cancer (1) . In the USA, over two-thirds of the population are overweight and about one-third are obese (2) . The annual economic cost attributable to obesity in the USA is as high as $100 billion (3) .
Obesity is under strong genetic control (4 -8) . Body mass index (BMI) and fat body mass (FBM) are two important indices of obesity and both have strong genetic determination with heritability of 0.4-0.7 (4 -8) . BMI has been used widely for obesity research because it can be measured conveniently at low cost for large samples. However, BMI alone may not be accurate enough for assessing the extent of excessive fat accumulation and thus the health hazard of obesity because (1) body weight is mainly composed of FBM and lean body mass (LBM), which are under different development mechanisms; and (2) BMI may not always represent body fat appropriately since the relationship between BMI and FBM is not always linear (9) . FBM is considered phenotypically more homogeneous than BMI and may be advantageous for obesity research (4) .
More than 10 genome-wide association (GWA) studies have been published for identifying genetic variants underlying obesity (10 -21) , primarily focused on BMI. These GWA studies have identified a number of obesity genes/loci, such as FTO (fat mass and obesity associated), MC4R (melanocortin 4 receptor), NPC1, PTER, MAF, NRXN3, KCNMA1, PAX5, MRPS22, C12orf51 and CTNNBL1. Meta-analytic combination of multiple GWA studies is an efficient way to enhance the power of gene identification by greatly increasing the sample sizes. Several GWA meta-analyses identified additional susceptibility genes/loci underlying obesity (22 -26) , such as TMEM18 (transmembrane protein 18), KCTD15, GNPDA2, SH2B1, MTCH2, NEGR1, SDCCAG8, TNKS/MSRA, RBJ/AD CY3/POMC, QPCTL/GIPR, SLC39A8, TMEM160, FANCL, CADM2, LRP1B, PTBP2, MTIF3/GTF3A, ZNF608, RPL2 7A/TUB, NUDT3/HMGA1,OLFM4 and HOXB5. However, the genetic variants identified so far only explain a small fraction of the heritability attributable to obesity (24) .
In the present study, aiming to identify additional genetic variants associated with human obesity, we conducted a GWA meta-analysis for obesity-related phenotypes in populations of diverse ethnicities. The discovery samples included seven GWA studies (n ¼ 21 969) and millions of genotyped/imputed SNPs from the 1000 Genomes Project (1000G) (27) reference panels. Significant SNPs were further de novo genotyped in two independent samples (n ¼ 6663). Gene-based association analysis is a useful complement to individual SNP-based GWA analysis (28) . In the presence of allelic heterogeneity, it is more powerful than traditional individual SNP-based analytical approaches (29) . In addition to the meta-analytic association testing per SNP, we also evaluated the significance of all genes across the genome using the gene-based analyses.
RESULTS
The discovery meta-analysis included 21 969 individuals from the following seven GWA studies (see Supplementary Material, Methods and Materials): OOS (n ¼ 998) (30) , KCOS (n ¼ 2283), COS (n ¼ 1624), FHS (n ¼ 4760) (31) , IFS (n ¼ 1478) (32) , WHI-AA (n ¼ 7478) and WHI-HIS (n ¼ 3348). Basic characteristics of the samples are listed in Table 1 . The majority of individuals were women (n ¼ 17 955). No population outlier was observed with principal components analysis (33) . Imputation with the 1000G reference panels generated over 4 million SNPs that were qualified for further analyses (Supplementary Material, Table S1 ).
Meta-analysis of individual SNPs
Prior to meta-analysis, association statistics in each individual sample were corrected using genomic control (GC) approach (lambda ¼ 0.98 -1.08). A logarithmic quantile -quantile plot of the meta-analysis test statistics showed a marked deviation in the tail of the distribution, implying existence of true associations in these samples (Fig. 1) .
The discovery GWA meta-analyses identified two genomic regions in 18q22 and 16q12 at the genome-wide significance (GWS) level (5 × 10 28 ). In 18q22, the most prominent association was observed at rs6567160 for BMI (P ¼ 7.23 × 10 214 , Table 2 ). Association at the same locus was also found for FBM (P ¼ 1.91 × 10
27
), of which the lead SNP was rs17782313 (P ¼ 8.57 × 10
29
). These two SNPs are 22.0 kb apart and in strong linkage disequilibrium (LD) with each other (r 2 ¼ 0.93), therefore probably representing a causal effect from the same source. The association between rs6567160 and FBM(adj) (P ¼ 0.02) and percentage of fat mass (PFM, P ¼ 1.59 × 10
24
) was weak. In 16q12, the GWS signal was found only for BMI, with the lead SNP being rs62033400 (P ¼ 7.50 × 10
212
, Table 2 ). The association of rs62033400 with FBM (P ¼ 8.49 × 10
25
), FBM(adj) (P ¼ 0.03) and PFM (P ¼ 0.04) was weak. Besides these two loci, three additional loci were identified at the level of suggestive significance (5 × 10
26
): 2p25, 1q41 and 1q21. The lead SNPs were rs7569210 for BMI (P ¼ 4.07 × 10
27
) in 2p25, rs320466 for FBM (P ¼ 3.50 × 10
) in 1q41 and rs6693120 for FBM(adj) (P ¼ 1.26 × 10 26 ) in 1q21. In summary, two genomic loci were identified at the GWS level and three additional loci were identified at the suggestive level, for multiple phenotypes.
Results from MANTRA were in concordance with the above findings. Specifically, MANTRA identified the same two loci 18q22 and 16q12 at the GWS level (log 10 (BF) . 6), with the (Table 2) . One SNP from each of these five loci was selected for de novo genotyping in two replication samples. SNPs were selected based on the strongest association signals, with two exceptions in 2p25 and 1q21. rs7569210 (P ¼ 4.07 × 10 27 ) and rs6693120 (P ¼ 1.26 × 10 26 ) were the most significant SNPs in these two regions. However, the genotyping probes for these two SNPs failed to be amplified in one of our two replication samples with de novo genotyping. They were replaced by rs939583 (P ¼ 1.03 × 10 26 ) and rs2230061 (P ¼ 2.98 × 10 26 ), which were successfully genotyped. In the joint analysis of the two replication samples, four SNPs were successfully replicated at the nominal level 0.05, while the last one rs320466 was not significant (P ¼ 0.78) ( Table 2 ). Joint analyses of both discovery and replication samples retained rs6567160 and rs62033400 at the GWS level. In addition, the signal of rs2230061 (P ¼ 3.57 × 10 28 ) reached the GWS level. Association of rs939583 got stronger as well (P ¼ 1.07 × 10 27 ), although it did not reach the GWS level. At last, rs320466 was filtered out because of a much weaker association signal (P ¼ 4.92 × 10 24 ). Analyses of the replication samples with MANTRA gave similar results (Table 2) . For all four SNPs that were successfully replicated, the results from the random-effects model were the same as those from the fixed-effects model (data not shown), and their MANTRA log 10 (BF) values were larger than one. At rs320466, the MANTRA log 10 (BF) was only 0.18.
Of the four loci described here, three (18q22, 16q12 and 2p25) had been previously reported to be associated with BMI-related phenotypes at the GWS level, while the last one (1q21) was novel. rs6567160 in 18q22 was significant at the GWS level for both BMI (P ¼ 8.09 × 10
219
) and FBM (P ¼ 3.24 × 10 211 ) in the combined analyses. Allele C at this imputed SNP increased both BMI and FBM (Fig. 1 ). It is located in an intergenic region between MC4R (209.4 kb) and PMAIP1 (257.6 kb), of which MC4R was of primary interest. Genetic variation within MC4R was previously reported to be associated with both obesity and height (25, 34, 35) . The association of rs6567160 with FBM in the present study was likely to be a direct one rather than induced by height, because FBM was already adjusted by both height and height 2 in association analyses. rs62033400 in 16q12 was strongly associated with BMI (P ¼ 1.97 × 10
214
). Allele G at this imputed SNP increased BMI (Fig. 1 ). It is located in an intron region of the FTO gene, which is a well-known gene associated with fat mass and obesity (36) . Although the combined P-value 1.07 × 10 27 for the third SNP rs939583 in 2p25 did not reach the GWS level, the successful replication (P ¼ 0.03) indicated that this locus might be associated with obesity. Allele C at this imputed SNP decreased BMI. It is located in an intergenic region between FAM150B (334.2 kb) and TMEM18 (45.4 kb). TMEM18 was previously reported to be associated with BMI (26), thus strengthening the confidence on the association identified here. Finally, rs2230061 in the only novel locus 1q21 was associated with FBM after the adjustment by LBM (P ¼ 3.57 × 10
28
). Allele A of this imputed SNP decreased residue of FBM (Fig. 1) . rs2230061 is located in an intron region of the gene CTSS (Cathepsin S), which was not reported previously. Associations between the four identified SNPs and all the studied phenotypes are listed in Supplementary Material, Table S2 .
Despite being strongly associated with FBM (P ¼ 3.24 × 10 211 ), rs6567160 was weakly associated with FBM(adj) (P ¼ 2.32 × 10
23
). To explore possible explanation, we tested its association with LBM and with LBM after the adjustment of FBM, namely LBM(adj). The association with LBM was significant at the GWS level (P ¼ 9.35 × 10 213 ). Interestingly, the association with LBM(adj) still existed, although the signal was weak (P ¼ 1.43 × 10
24
), implying that rs6567160 may exert pleiotropic effects to both FBM and LBM (Table 3) . Allele C at rs6567160 increased both FBM and LBM (Fig. 2) .
Gender-stratified P-values at the identified SNPs seemed to be different between the two gender groups. Specifically, P-values were always smaller in females than in males, especially for rs939583 (Table 4) . However, gender-specific effects were not significant with the SNP-by-sex interaction analyses. One potential reason for the smaller P-values in the females was the larger number of female subjects.
We estimated the cumulative effects of the identified SNPs on variation of the studied phenotypes in KCOS and COS samples. Individual SNPs explained 0.05-0.64% of phenotypic variations, and the variation explained by all four SNPs ranged between 0.46 and 1.61%, depending on samples and phenotypes (Table 5) .
Replication with previously reported results
We first checked the replicability of our findings in the GIANT summary results of BMI (24) . Of the four identified SNPs, rs6567160 and rs939583 existed in the GIANT data sets, and both were extremely significant (P ¼ 1.82 × 10 222 and 5.34 × 10
222
). The other two SNPs rs62033400 and rs2230061 did not exist in the GIANT data set. Scrutiny of their nearby SNPs implied that they were well replicated. For example, the SNP rs3751812 near rs62033400 (LD, r 2 ¼ 0.99) was extremely significant (P ¼ 1.14 × 10
259
) in the GIANT results. Another SNP rs4509581 near rs2230061 (r 2 ¼ 0.87) was significant as well at the nominal level 0.05 (P ¼ 0.03).
We then checked the replicability of previously reported loci in our summary results. By searching in the GWAS catalog (37), we identified 32 distinct genomic regions and 39 SNPs that were reported previously at the GWS level. The signals of these SNPs in our results are listed in Supplementary Material, Table S3 . Of the 39 SNPs, 3 were not available in our results, and 22 were significant at the nominal level 0.05. ). In this analysis, we identified one gene NLK (nemo-like kinase; 17q11) that was significant for FBM(adj) (P ¼ 8.77 × 10 27 , Table 6 ). This gene had not been reported previously. Exploration of allelic structures showed that common variants (MAF . 5%) accounted for the majority of genetic variation in NLK. Variants were common in all but the WHI-AA samples. In the WHI-AA sample, 25 of the total 77 SNPs were less common with MAF between 1 and 5%, but no rare variants (MAF , 1%) were involved. All of the 77 SNPs were well imputed (r 2 . 0.3) and the average r 2 was as high as 0.78. The gene remained significant (P ¼ 6.82 × 10
25
) after excluding these less common variants from the combined analyses, although the P-value was higher than the significance level. No gene was identified at the GWS level for the other phenotypes. Although the four candidate genes (CTSS, MC4R, FTO and TMEM18) identified in the single variants analyses did not reach the significance level in the gene-based analyses, their signals were all nominally significant (P , 0.05, Supplementary Material, Table S4 ).
DISCUSSION
In the present study, we carried out a GWA meta-analysis of seven GWA studies of diverse populations for obesity, followed by de novo replication. Using both individual SNP-and genebased analyses, we identified two novel loci 1q21 and 17q11 associated with FBM after the adjustment of LBM. We also confirmed three previously reported loci (16q12, 18q22 and 2p25) at the GWS level.
The two candidate genes implied by the two identified loci were CTSS and NLK. The CTSS gene belongs to a family of cystein protease that includes other proteases (e.g. CTSK and CTSL) involved in the development of obesity (38) . It plays a central role in extracellular matrix remodeling by stimulating adipocyte differentiation through degrading fibronectin, one of the main components of the extra cellular matrix (39) . In vitro studies showed that CTSS expression and Cathepsin S secretion in adipose tissue were induced by LPS, TNF-a and IL-1b, proinflammatory factors that are secreted by cells such as macrophages or smooth muscle cells (40) . The involvement of CTSS in the development of obesity was also supported by extensive gene expression studies and clinical studies (40 -42) . The NLK gene is a negative regulator of the canonical Wnt/beta-catenin signaling pathway (43) , which was demonstrated to play an important role in maintaining pre-adipocytes in an undifferentiated state by inhibiting adipogenic gene expression (44) . Our finding, therefore, provides additional evidence on the novel hypothetical mechanism by which NLK contributes to the development of obesity.
The three candidate genes that we confirmed in the present study were FTO, TMEM18 and MC4R. They were all well established to be associated with BMI by previous studies (25, 34) . We found that rs6567160, near MC4R, had a pleiotropic effect to both FBM and LBM, implying that MC4R may regulate the development of both fat and lean masses. This gene plays an important role in the regulation of food intake, energy expenditure and catabolism (45, 46) . Humans with rare functional mutations in their MC4R sequence are known to develop severe early-onset obesity (47) and analogous phenotypes are seen in murine models of MC4R disruption (34) . In mice, stimulation of MC4R has been demonstrated to decrease food-seeking behavior, to increase basal metabolic rate and to decrease LBM (45) . Blockade of central melanocortin signaling increased both LBM and FBM in a rat model (48) , supporting the bidirectional role played by the MC4R in obesity development.
PFM is one of the commonly used traits for body fat mass (31). However, no significant findings were obtained with PFM in the present study at either the GWS or suggestive significance level. Instead, both novel findings were identified with original fat/lean The only SNP that was not significant in the de novo replication results was rs320466 for FBM. In addition to a false-positive signal, the reasons for the failure of replication may be the following: first, genetic heterogeneity caused by different evolution histories may result in differential genotype -phenotype associations (49) . Second, interacting variants in the background may modulate individual marker effects, diminishing or increasing marginal associations of the studied polymorphisms (50) . Third, significant associations are usually declared at genetic markers that are in LD with the causal site, rather than the causal site itself. Therefore, the failure to replicate could be a result of different patterns of LD between populations.
Gene-based analysis has the capacity to identify genes that are missed by SNP-based analyses. This is because gene-based analysis is more powerful in certain conditions by jointly modeling onto multiple SNPs within a gene. In our study, none of the SNPs located within NLK was significant. However, when modeling all SNPs together, the gene was significant. One of the advantages of the gene-based analysis is the ability to take into account allelic heterogeneity (i.e. presence of more than one susceptibility allele in a gene), which is low-powered by individual SNP-based analysis. We did not validate the multiple imputed SNPs within the NLK through experiments; however, we believe our results were reliable because of the following two reasons: (i) all included variants were common (MAF . 5%) or less common (MAF . 1%); and (ii) all SNPs were well imputed (r 2 . 0.3), in practice the average r 2 was 0.78. The samples that we analyzed were from populations of diverse ethnicities. Although using different samples in one study might increase the false-negative rates due to sample heterogeneity, the loci identified here are not likely to be due solely to heterogeneity. First, neither Cochran's Q statistic nor I 2 measures demonstrated evidence of heterogeneity at any of the identified SNPs. Second, replication in distinct samples makes the false-positive findings less likely. Third, the random-effects model, which is more robust against heterogeneity, generated similar results to the fixed-effects model. Fourth, the results from MANTRA, which combines GWAS from different ethnic groups by taking advantage of the expected similarity in allelic effects between the most closely related populations, gave highly concordant results. Finally, multiple previously reported loci (e.g. FTO, TMEM18 and MC4R) were replicated using the same analytical approach. Therefore, the identified loci may represent true genetic susceptible loci for obesity that are shared across populations.
In summary, by meta-analyzing multiple GWA studies and following by de novo replication, we have identified two novel loci for obesity, as well as confirmed three previously reported loci. Further studies are warranted to explore the biological functions of the genetic variants identified in the present study.
MATERIALS AND METHODS

Study populations
This study included multiple samples from different research and/or clinical centers. All samples were approved for use by respective institutional ethics review boards, and all participants provided written informed consent.
In the discovery stage, seven GWA samples were included, of which three were from in-house studies and four were from the public database of genotype and phenotype (dbGAP) (51) . The three in-house samples included those from the Omaha Osteoporosis Study (OOS, with 998 unrelated Caucasian subjects), KansasCity Osteoporosis Study (KCOS, with 2283 unrelated Caucasian subjects) and China Osteoporosis Study (COS, with 1624 unrelated Chinese Han subjects). The fourth sample was selected from the Framingham Heart Study (FHS), a longitudinal and prospective cohort comprising over 16 000 Caucasian subjects spanning three generations (52, 53) . Based on the first two generations of the FHS families, we identified 4760 subjects with BMI information and 2786 subjects with FBM information for use in this study. The fifth sample was selected from the Indiana Fragility Study (IFS), a quantitative and cross-sectional cohort comprising 1493 premenopausal Caucasian sister pairs (54) . Among them, 1478 subjects with BMI information and 1433 subjects with FBM information were included in the analyses. The sixth and seventh samples were selected from the Women's Health Initiative (WHI) observational study, a partial factorial randomized and longitudinal cohort with over 12 000 genotyped women of African-American or Hispanic ancestry (55) . The sixth sample included 7478 individuals of African-American ancestry (WHI-AA) with BMI information and 709 individuals with FBM information. The seventh sample included 3348 individuals of Hispanic ancestry (WHI-HIS) with BMI information and 408 individuals with FBM information.
For replication, the selected SNPs were de novo genotyped in two independent samples, one with 3923 unrelated Caucasian individuals selected from OOS and KCOS (OOSR), and the other with 2740 unrelated Chinese Han individuals selected from COS (COSR).
Phenotype measurements and modeling
BMI was calculated as body mass (in kilograms) divided by the square of height (in meters). FBM and LBM were measured/ calculated with dual-energy X-ray absorptiometry scanners (Lunar Corp., Madison, WI, USA; or Hologic Inc., Bedford, MA, USA) following the manufacturer protocols. PFM was calculated as FBM divided by the sum of FBM and LBM. In addition to BMI, FBM and PFM, we analyzed FBM after the adjustment of LBM, denoted by FBM(adj). The focus of this latter phenotype was on the fat part of body weight only. For all phenotypes, covariates were screened among gender, age, age 2 , height (except for BMI), height 2 (except for BMI) and scanner ID (in WHI, except for BMI) with the step-wise linear regression model. In the admixed WHI-AA and WHI-HIS samples, the first five principle components derived from genome-wide genotype data were included as covariates to correct for potential population stratification/admixture (33) . Phenotypes were adjusted by significant covariates. Adjusted phenotypes were then normalized by inverse quantile of the standard normal distribution and the normalized phenotypes were used in subsequent association analyses.
Genotyping and quality control
Individual GWA samples were genotyped by high-throughput SNP genotyping arrays (Affymetrix Inc., Santa Clara, CA, USA; or Illumina Inc., San Diego, CA, USA) following the manufacturer protocols. Quality controls of genotype data were implemented using PLINK (56) with the following criteria applied: individual missingness 5%, SNP call rate 95% and Hardy -Weinberg equilibrium (HWE) P-value 1.0 × 10
25
. For familial samples (FHS and IFS), all genotypes with the Mendel error were set to missing. Population outliers were monitored by principal components derived from genome-wide genotypes (33) .
Genotype imputation
In the discovery stage, imputation was performed for each GWA study using 1000G sequence variants as a reference panel (as of Prior to imputation, a consistency test of allele frequency between GWA samples and reference samples was examined with the Chi-square test. To correct for potential misstrandedness, SNPs that failed consistency test (P , 1.0 × 10 26 ) were transformed into reverse strand. SNPs that failed consistency again were removed from the GWA studies.
To distribute imputation computation to multiple parallel CPUs, chromosomes were split into non-overlapping fragments each of 10 Mega base-pair length. In each fragment, haplotypes of the individual GWA study were phased by a MArkov Chain Haplotyping algorithm (MACH) (57, 58) . For familiar samples (FHS and IFS), 200 unrelated founder individuals were randomly selected to estimate model parameters, which were then used to impute all family members. Based on phased haplotypes, untyped genotypes were then imputed by a computationally efficient imputing algorithm Minimac (59) . SNPs with r 2 score less than 0.3 as estimated by Minimac were considered of low imputation accuracy. SNPs of low accuracy or of MAF , 0.01 in any one of the samples were excluded from subsequent SNP-based association analyses.
Association testing
Associations between phenotypes and SNPs (both genotyped and imputed) were tested under an additive mode of inheritance. For samples of unrelated subjects, association was examined by the linear regression model with MACH2QTL (57, 58) , in which allele dosage was taken as the predictor for the phenotype. Empirical assessments show that MACH2QTL provides an effective means of evaluating evidence for association at untyped markers (60) . For familial samples (FHS and IFS), a mixed linear model was used in which the effect of genetic relatedness within each pedigree was also taken into account (61, 62) . To correct for potential population stratification, GC inflation factor (63) was estimated for each GWA study and study-specific summary statistics were corrected prior to the meta-analysis.
Meta-analysis
Summary association statistics from each GWA study were combined to perform weighted fixed-effects meta-analyses with METAL (64), in which weights were proportional to standard error of regression coefficient. Cochran's Q statistic and I 2 were estimated with METAL to quantify between-study heterogeneity effect. Significant heterogeneity effect was defined as I 2 . 50% or Q-statistic P-value , 0.1. We only focused on SNPs with the association directions consistent in all the seven GWA studies. The random-effects model of meta-analysis was applied to validate significant SNPs, with the R package 'rmeta' (65) .
During the preparation of the present study, Morris developed a new meta-analysis method MANTRA that is specific to samples of diverse ethnicities (66) . One advantage of this method is the ability to model the expected similarity in allelic effects between closely related ethnic groups. As an important complement and validation, we also analyzed data with MANTRA. Genome-wide significance level for MANTRA was set at the base 10 logarithm of Bayes factor log 10 (BF) . 6.
De novo replication analysis
SNPs with P-values , 5.0 × 10 26 in the discovery samples were considered as significant. One SNP from each distinct genomic region was subjected to de novo replication in two independent samples, namely OOSR and COSR. The OOSR sample was genotyped using a fluorescent resonance energy transferbased KASP genotyping platform with technical support from Kbiosciences UK Company. The COSR sample was genotyped using the ligation detection reaction method with technical support from the Shanghai Biowing Applied Biotechnology Company. Quality control included individual missingness 5%, SNP call rate 90% and HWE P-value 1.0 × 10
25
. Association testes in the de novo samples were performed with PLINK (56) . Joint analyses of both discovery and replication samples were performed with METAL (64) and MANTRA (66) .
SNP-by-sex interaction analysis
To examine gender-specific effects, we performed gene-by-sex interaction analyses for the identified SNPs. In each individual study, interaction was tested by a linear regression model with PLINK (56), in which gender was encoded into a binary variable. P-values from individual studies were then meta-analyzed for a combined signal with Fisher's method (67) .
Replication analysis with previously reported results
We checked the replicability of our findings in another larger publicly available meta-analysis of BMI conducted by the GIANT consortium (24) , in which 249 796 subjects were involved. We also checked the replicability of previously reported loci in our discovery samples.
Gene-based association meta-analyses were performed to identify genes associated with BMI-related phenotypes. As genebased analyses require information of LD structure, which may diverge between different ethnic groups, we tested genebased association within each ethnic group, and then combined signals from all groups into a summary statistic. Quality control of SNPs for inclusion was the same as that for SNP-based analyses: imputation accuracy r 2 . 0.3 and MAF . 0.01. For ethnic groups containing only one individual GWA study (COS, WHI-AA, WHI-HIS), P-values from that study were analyzed individually with VEGAS (29) . For the Caucasian group containing multiple GWA studies (OOS, KCOS, FHS and IFS), those multiple studies were meta-analyzed first, and then the combined P-values were analyzed with VEGAS (29) . In using VEGAS, we adopted the following steps: (i) SNPs were assigned to genes according to their physical positions at the UCSC Genome Browser hg18 assembly. Gene boundaries were defined as 50 kb from the 5 ′ and 3 ′ UTRs; (ii) for a gene containing n SNPs, individual SNP P-values were converted to upper tail Chi-squared statistics with 1 degree of freedom. Then the gene-based statistic was defined as the sum of these Chi-squared statistics; (iii) using the Monte Carlo approach, a large number of multivariate normal vectors z with mean 0 and variance matrix of pairwise LD r values were simulated. The r values were estimated from the respective HapMap phase 2 samples (30) with the closest ancestry. The simulated gene-based test statistics was the sum of squares of the elements of z; and (iv) the empirical gene-based P-value was calculated as the proportion of simulated test statistics that exceeded the observed gene-based statistic. Gene-based P-values from different ethnic populations were combined by the Fisher's method (67) .
